This study extends research on the social performance of microfinance institutions. The research methodology is based on Grameen Progress out of Poverty Index™ (PPI™) for Cambodia applied to a sample of borrowers randomly extracted from a Cambodian microfinance institution's loan portfolio. Dataset has been directly collected through in-house interviews. Main questions discussed here are: (1) Is microcredit targeted to poor people? (2) Has the poverty rate of the sample changed in last six months? and (3) What percentage of male vs. female clients is poor? We found an average poverty likelihood of about 8.1%, estimated at the day of the interview, steady over a period of six months and not statistically different between male and female borrowers.
Introduction
Since the seminal work of Hossain (1988) , for more than ten years microfinance has been depicted as an effective pathway out of poverty (Pitt & Khandker, 1998) and its eradication (Yunus, 2007) . Access to financial services is claimed to be a key driver to reach sustainable development goals as long as improvements in healthcare, nutritional advice and education can be sustained only whenever households have increased income, consumption and greater control on financial resources (Littlefield, Morduch, & Hashemi, 2003; Khandker, 2005; Morduch, 1999) . Microfinance Institutions (MFIs) should consequently be supported by government (Hardy, Holden, & Prokopenko, 2002) and investors since they contribute to develop the financial sector and the rural economy (Holden & Propenko, 2001 ) by addressing capital flows to people excluded by the commercial banking.
Nonetheless, the impact of credit on people poverty depends on several factors, such as the credit use, the type of microenterprise and the skills of the borrower (Karnani, 2007) . The measurement of how poor people lives would have changed had the microcredit not been granted, is a tough challenge of assessment. Roodman and Morduch (2009), Goldberg (2005) , and Duvendack, Palmer-Jones, Copestake, Hooper, Loke, and Rao (2011) , among the others, reviewed several studies in microcredit impact evaluation, but the picture they draw is still inconclusive. Overall, unchallenged statistical proof of the impact of microfinance on outcomes such as poverty, women's empowerment, health, and education remains elusive, mainly due to difficulties in creating randomized controlled experiments that are free of bias (Karlan & Goldberg, 2006) .
While impact of microfinance has been questioned, donors and investors experienced great concerns that
MFIs might be leaving their social missions behind the quest for profits. As a matter of fact, microcredit industry is becoming quickly an asset class suitable to generate adequate and growing return on capital (Dieckmann, 2007) .
This trend requires MFIs to be increasingly transparent about the achievements of their declared objectives.
As a result, a call for new specific indicators to measure and track over time the social performance of MFIs activities is emerging-whether or not microfinance is the determinant of people's welfare. 1 Poverty outreach (e.g., poverty levels of clients at entry and their movement out of poverty over time) is one of them. The objective of poverty assessment is twofold: poverty assessment and poverty targeting. The former intends to determine whether the program reached relatively poor people (within a community or region), the latter to identify in advance poorer households in order to deliver services to them rather than to the relatively better-off or non-poor.
Poverty might be measured in alternative ways either by using existing secondary data or through field research that collects primary data on household's welfare (Zeller, 2004 Should MFIs target the marginally poor or the extremely poor? Morduch (1999 Morduch ( , p. 1592 suggests that a dollar increase in income for the very poor borrower has a five times greater impact than the same dollar for the marginally poor borrower. Hence, in terms of poverty alleviation, MFIs should focus on the poorest borrowers first. Nonetheless, as MFIs seek to become financially independent, they would target only the marginally poor (Sengupta & Aubuchon, 2008, p. 21) .
In this study we extend the research on MFI's social performance through a case study. This article shows the results of an empirical application of the standards use of the PPI™ for Cambodia within a sample of clients of an MFI. Main questions discussed here are: is microcredit targeted to poor people? Has the poverty rate of the sample changed in last six months? What percentage of male vs. female clients is poor?
The article is structured as follows: Section 2 will describe the Cambodian economic background and its microcredit sector; Section 3 will introduce the MFI case-study; Section 4 will describe the survey design, data, and methodology of this study; Section 5 will show and discuss the main findings; the last section will conclude with consideration on microfinance practice in the broader context of the Cambodian economic development.
The Case Study Background: Cambodian Economy and Microcredit Sector
A brief summary of Cambodian economic data and trends is shown in . The industry's aggregate loan portfolio is heavily concentrated among the largest institutions, with the four largest MFIs (excluding ACLEDA) accounting for over 64.3 percent of the gross loan portfolio (see Table 2 ). The sector weighted average portfolio at risk (more than 30 days past due) ratio is 1.07%, with a write-off ratio of 0.879%.
Multiple lending, whereby an individual has taken out loans from more than one MFI, is becoming quickly a critical issue, as some clients have taken out four to five loans, which increase the probability of default.
These unfavorable cases leave the MFIs to resort to suboptimal actions, including selling the clients' collateral, writing-off the outstanding loan as nonperforming, restructuring or rescheduling the loan, or bringing the client to court (Hoy & Foelster, 2010) . Maxima shows a well diversified source of funds, mostly from foreign investors (Consorzio Etimos, Kiva, LMDF, Luxmint-ADA), and a sound and effective risk management performance (see Table 3 ) which made it suitable to get in 2009 a ! + rating, with a positive outlook, by the international rating agency M-CRIL.
Maxima business is both operationally and financially sustainable. The former is reached by raising enough revenues to cover the operating cost (nominal yield on gross portfolio higher than the operating expense on loan portfolio ratio), the latter by raising funds at market interest rates covered by lending activity (operational self-sufficiency 9 higher than 1).
Maxima sells amortizing and bullet term loans to individuals 10 , on three different duration (6, 12 or 20 months), at fixed interest rates (between 1.9% and 2.8% per month) which depend only on the amount borrowed (less than 1,000 USD, between 1,000 and 2,000 USD, more than 2,000 USD) and the selected way of repaying (e.g., if installments are settled at household's home, an additional spread of 10 basis points is due).
As predicted by Stiglitz and Weiss (1981) , Maxima sells loans at the fixed interest rate at which the expected return to the bank is maximized. Unsatisfied borrowers would offer to pay a higher interest rate (or greater collaterals) to the bank, however the bank would not lend to those people, as, from its perspective, such loan is likely to be a worse risk than the average loan at the fixed interest rate. Loans are categorized according to their purpose: (1) agriculture; (2) trade and commerce; (3) services; (4) transportation; (5) housing; and (6) family consumption and miscellaneous.
In order get access to credit, a (potential) borrower must have already repaid any other loan previously granted by banks or MFIs: This is the effective way Maxima applies the client protection principle avoidance of over-indebtedness (SPTF, 2011) . Optimal borrower's debt repayment capacity is assessed by a Maxima's credit officer, who forecasts the client expected weekly cash flows and then he or she fixes the best sustainable monthly installments. Eventually, if the borrower cannot make his/her payments, he/she is allowed to renegotiate, under the supervision of the village master, the loan contract rather than default.
9 Defined as the following ratio: financial revenue/(Financial Expense + Net Impairment Loss + Operating Expense). 10 Actually, there are two borrowers: the principal and a co-borrower. Where:
Z: is the z-score is derived from the desired confidence interval; P: is a guess value for the proportion of the population that it is anticipated will be measured;
(in a range of 1-10) is a design effect, the extent to which the sample deviates from random sampling 11 ;
E: is the margin of error.
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In order to provide at least a 95% confidence level for a population of 2,500 active borrowers (P = 10%) with a precision of 5%, and D = 1.5, a target sample size of 207 was fixed.
13
We then randomly extract borrowers in a two-stage sampling technique ("strata sampling"): we first randomly selected nine out of 15 Districts covered by Maxima and then randomly select borrowers within the selected districts. We excluded from the pick-up list borrowers who ended the relationship with Maxima more than six months before.
Data Collection
Data used in this study were directly collected from October 11 to November 10, 2010 by in-house interviewing 14 random selected borrowers.
In case borrowers were unavailable 15 we phoned from site to Maxima head office asking to randomly extract a new borrower living in the same village to be interviewed on the same day ("random walk" method), if any. If no other extracted borrowers were available to be interviewed on the same day, we would randomly extract a new borrower to be added in the interview list for the following days (IRIS Center, 2011).
At the end of the scheduled interview period we got 230 interviews, of which 216 with full data.
Descriptive statistics on sample clients are shown in Tables 4 and 5. 11 D = 1 means that the sample is a random sample, while D = 10 means that the sample is intentionally non-random. 12 A 5% margin of error combined with a 95% confidence level means that 95 times out of 100 you expect the score to be accurate within +/-5% of the true value. 13 A sample size of 333 would have been fixed according to IRIS Center (2007) methodology. 14 Each interviewer was accompanied by a Maxima's credit officer, who introduced him/her to the borrower and translated the survey in the local language. An interview would take from 10 to 20 minutes. We are aware of the potential risk of "translation bias": different results could depend on the translator's personality and the way he/she addressed the questions into the Cambodian culture. However, we hired ten different credit officers, as a consequence the marginal impact, if any, of translation bias is weak. 15 All people we met accepted to be interviewed (e.g., no refusal was recorded). "Literacy" is the borrower capacity of reading and writing: on average 76% of borrowers are able to. This is consistent with the average national literacy rate.
"Real estate value" is the dollar value, estimated by the credit officer at the loan grant date, of land and house owned by the household. Although real estates do not formally guarantee the loan, contrary to a common wisdom that microcredit is typically addressed to people who do not own any valuable assets (Pankaj, 1996; Sengupta & Aubuchon, 2008) , we found an average asset value of 8,000 USD (e.g., more than ten times the national GDP per capita).
"Cycle" is the number of repeated loans already granted to the borrower. Since a borrower must have previously reimbursed the earlier loan, this value is a proxy of the length of the relationship between the MFI and its client.
"Amount borrowed" is the value of the last loan granted, either still under amortization or already fully reimbursed (within last six months).
"Household members" is defined as the "number of people who share the same pot" (IRIS Center, 2011). 
Methodology
The survey is based on Schreiner (2009) PPI™ scorecard designed for Cambodia (hereinafter "PPI for Cambodia") 16 , which collect household primary data on few indicators estimating the likelihood of a household has expenditure to be below the national poverty line 17 , e.g., his/her poverty status.
For each value of any answer to ten questions, points are associated. All points in the scorecard are non-negative integers, and total scores range from 0 (most likely below a poverty line) to 100 (least likely below poverty line). The total scores must be converted into probabilities of being below a poverty line via a look-up table (see Table 6 ). For example, a score of 16 and 32 get a poverty likelihood of 56.1 percent and 21.9 percent respectively of being below the Cambodian poverty line.
The change in a group's poverty rate between two points in time is estimated as the change in the average poverty likelihood of the households in the group. Of course, poverty could get better or worse, and scoring
does not indicate what caused change. Poverty scoring plainly estimates change, and it does not indicate the determinant of the change. In particular, estimating microcredit impact on borrowers' poverty requires knowing what would have happened to participants if they had not been granted the loan. Note. Number of households normalized to sum to 100,000. Source: Schreiner (2009).
* Estimated poverty likelihood is the households below poverty line to All households at score ratio.
We basically measured PPI for Cambodia for each individual randomly selected at the time of the interview and at six months before (e.g., we basically asked if there were any changes to response referred to six months before).
17 It is common to define a national line as the food line plus the non-food expenditure observed for households whose food expenditure (not total expenditure) matches the food line. Schreiner (2009) 
Results

Is Microcredit Targeted to Poor People?
We found an average poverty likelihood of about 8.1%, estimated at the day of the interview (see Table 7 , left side). This might depend on their location (Phom Pehn and Kandal province): since poverty headcount is higher among rural people, a lower percentage of poor people is expected within Maxima loan portfolio.
Conversely such a low percentage of poor people might be related to Maxima's access to credit process:
Maxima's loans seem not be targeted at the poorest people. Again, this might depend either on customers'
self-selection bias (people who apply for a credit mostly live very closed to the capital city, where poverty level is relatively lower than in other districts) and by the evidences that MFI, instead of NGOs, do seek for a sound and sustainable financial performance. Portfolio quality indicators are indeed better than the industry average.
Has the Poverty Rate of Maxima Client Sample Changed in Last Six Months?
We collected data referred to six months before the day of the interview by direct reviewing any changes in the value of the ten PPI for Cambodia questions. At a first glance, a little improvement is recorded during six months: sample average poverty likelihood moves from 9.42% to 8.07% (see Table 7 , right side). This difference might depend on an effective poverty reduction or on the standard deviation in the sample mean, e.g., by chance. Hence, to check the robustness of this evidence, we run a one-tailed T-test on the two sample mean. However, our findings are not statically significant: there is a probability lower than 14.47% (e.g., well higher than 10%) that this difference is due to chance (e.g., there are too weak evidences against the null hypothesis that two sample are equal).
Even if loans granted by MFIs fall due within 12 months, changes at poverty level should be accounted over a longer period (Berhane & Gardebroek, 2011) .
What Percentage of Male vs. Female Clients Is Poor?
Because microcredit programs targeted to poor women have gained prominence, it might appear that women's access to credit is more extensive than the reality suggests.
18 Table 8 shows frequencies of males and females, their PPI scores and the sample average. At a first glance, average poverty likelihood in women seems to be lower than those recorded in man (7.9% vs. 8.3%).
Again, we run a T-test on the two sample mean to test whether the difference is driven by chance or by a statistical significant difference among two groups. However, the difference between sample means is not statically significant: there is a probability lower than 83% (e.g., well higher than 10%) that this difference is due to chance.
Hence, average poverty likelihood is the same among males and females. As a consequence, this suggests that Maxima does not discriminate on gender poverty in credit access. Male and females share the same (target) level of poverty. 
Conclusion
Performance measures in microfinance focus almost exclusively on an institution's financial performance.
As a result, MFIs have a full range of financial data available to support donors and investors funding process, but there are still little evidences on how they are performing against their social goals or what steps they would need to take to improve their social performance.
Even financial institutions that do not have a social mission might find social performance tools useful indeed. In particular, client protection principle "do no harm to clients" is a non-negotiable aspect of social performance that any financial service provider should respect (SPTF, 2011) .
This paper enlarges knowledge on microcredit activities by exploring social performance and, namely, poverty outreach.
This study is based on the Progress out of Poverty Index™ for Cambodia (Schreiner, 2009) , applied to a sample of borrowers from a Cambodian MFI shows. We found an average poverty likelihood (to be below the national poverty line) of about 8.1%, estimated at the day of the interview, steady over a period of six months and not statistically different between male and female borrowers. This might be related to business geographical location or a self-selection bias or to access to credit internal procedures (e.g., loans are not targeted at the "poorest among the poor people").
Actually, there might be a third methodological explanation: PPI is a misleading methodology as it is too slow to track poverty predicting indicators over time (e.g., scores and parameters do not change over time). In fast developing countries this is even more problematic since people might suddenly own new assets or items which do not predict correctly the poverty level (e.g., mobile phones or motorbike). From a more general point of view, we found that PPI too much relies on asset ownership rather than on cash flows and saving capacity.
As a consequence, it fails to track backward movements at an effective poverty level (since assets still remain even if free cash flow tends to vanish).
The author's modest opinion is that saving capacity is the ultimate measure to track steps taken in a pathway out of poverty. We encourage future researches about it and on head-to-head comparison of poverty level estimates (i.e., PPI vs. PAT) over time within the same sample clients of an MFI, to check for errors in predicting poverty.
Despite the general wisdom that microcredit is targeted to the "poorest among the poor people", our findings are fully consistent with a sound and safety (micro) banking activity, aimed at sustainable results (such as those accounted in Maxima financial reports).
However, here comes a call for a triple bottom line MFI's performance evaluation: economic, social and environmental effects of their activities.
Maxima case study shows that low-income markets can be served on a "sustainable" basis, that is, with full cost recovery and a market return, without subsidy. As a result, in Cambodia the formal financial sector should start to take notice and to service these traditionally marginalized sectors.
